Introduction
Remote sensing technologies provide powerful tools for the identification and analysis of a wide range of geological and geomorphological features (e.g. Smith & Pain 2009 ). They allow geological mapping in remote areas and over large spatial domains that are difficult or impossible to cover by foot, and permit easier recognition of regional patterns. Remote sensing in Earth sciences has been applied ever since aerial photographs became available and enjoys popularity due to readily available high quality satellite images, together with rapidly improving computing power, and is of great importance particularly in the field of brittle fracture analysis (e.g., Wise et al. 1985; Lowman et al. 1992; Viola et al. 2005; Raharimahefa & Kusky 2009; Oden et al. 2012; Awdal et al. 2013) . The high spatial resolution offered by Light Detection and Ranging (LiDAR) datasets, combined with the capability of scanning also through vegetation covers, has revolutionized the production of digital elevation models (DEM). A DEM from LiDAR data commonly shows the Earth's surface in great detail and the ground resolution often approaches or even surpasses 1 m. Relief-shading (hillshade) is the most common method to visualize landforms from DEMs (Smith & Clark 2005) , generally with a source of illumination in the northwest. Lineaments perceivable in a DEM are linear features manifested by visual alignments. They can represent any possible discontinuity of planar attitude, including natural geographic features related to bedrock structure or quaternary deposits, as well as animal paths or man-made structures such as roads, railroads, power lines and fences. If they reflect structures in bedrock, they can represent the surface expression of bedding, foliation, faults, fractures or fracture zones and are linked with the local or regional tectonics. Depending on the dip angle of planar structures in bedrock and their interference with the topography, lineaments can be curved in map view.
There are essentially two approaches to extract lineament information from images: (a) automated quantitative analysis by using remote sensing/GIS software and (b) manual interpretation by a human operator. Manual interpretation Downloaded by [Universitetbiblioteket I Trondheim NTNU] at 21:06 17 November 2015 closely reflects the bedrock surface. In the analyzed area, bedrock lineaments can be regarded as surface manifestation of generally steeply dipping fault-and fracture zones. The bedrock lineament trends are closely linked to the post-Caledonian brittle deformation history of SW Norway, which accommodated at least two main episodes of extension (e.g., Larsen et al. 2003) . NE-SW striking lineaments represent mainly dip-slip faults resulting from NW-SE extension, whereas N-S to NNW-SSE striking lineaments can be mostly attributed to an episode of E-W extension. This is generally associated with alkaline dyke intrusions concentrated along NNW-SSE striking lineaments in the Sunnhordland area (Valle et al. 2002) . The nature of NW-SE striking lineaments is not entirely clear, but a multiphase reactivation history has been suggested (op. cit.).
Experimental setup
A 5 × 5 km 2 area within the Rolvsnes granodiorite covering the island of Goddo (Fig. 1b) was chosen as target area for our study. The LiDAR data used in the experiment was scanned from aircraft in 2012 with a point cloud density varying between 0.38 and 3.40 points/m 2 . Average point spacing is approximately 1.2 points/m 2 . The point cloud was gridded, using "last returns" only to exclude vegetation and infrastructure, to a DEM with resolution of 1 m using standard binning interpolation in ArcGIS. The DEM appears to be of very high quality with few artifacts, and field check confirms that the DEM represents actual topography very well. Three hillshaded images illuminated from three different azimuths were generated using an inclination of 045° (Table 1 ; Fig. 1c-e) . Illumination azimuths were chosen at 045°, 180° and 315°, 315° being the most commonly used orientation. These differently illuminated images were mapped at the scales of 1:20.000, 1:10.000 and 1:5.000, resulting in a total of nine mapping exercises for each person. Assuming a computer screen resolution of 96 dpi and a DEM resolution of 1 m, these mapping scales correspond to objects on the ground with sizes of 5.3, 2.6 and 1.3 m, respectively. In other words, at the 1:20.000 scale linear objects thinner than 5.3 m will hardly be seen. At the 1:5.000 mapping scale the smallest observable features are about 1 m wide and close to the resolution of the hillshaded DEM. The sequence of mapping of the nine different exercises was set such that both scale and illumination direction were changed between every single experiment (Table 1) in order to minimize the bias that would be otherwise induced by successive picking exercises carried out under identical boundary conditions. Six persons currently employed at NGU (Geological Survey of Norway) with different backgrounds in Earth sciences and different experiences in remote sensing techniques were selected for the study. Operators N1, N3 and N4 have previous experiences in manual lineament mapping whereas N2, N5 and N6 have none. N1, N4 and N5 have a background in geomorphology and N2, N3 and N6 have a background in bedrock mapping and structural geology. Each received an ArcGIS file geodatabase together with detailed practical instructions on how to carry out the mapping exercises. Operators were requested to aim at mapping fracture lineaments in the whole image by drawing straight lines only. A scale-dependent time limit was set at 8 min for the 1:20.000 scale, 30 min for the 1:10.000 scale and 120 min for the 1:5.000 is well suited for spatial assessment but poor in quantitative accuracy (e.g., Richards & Jia 2006) . On the other hand, automatically generated lineament maps have been found to contain a higher lineament density and a more uniform distribution of orientations than manually produced lineament maps (Vaz et al. 2012) .
The availability of software tools and guidelines to analyze image data, for example to (semi-) automatically detect lineaments, has strongly increased in the past decade (e.g., Raghavan et al. 1995; Wladis 1999; Gloaguen et al. 2007; Rutzinger et al. 2007; Masoud & Koike 2011; Soto-Pinto et al. 2013) . Nevertheless, visual manual interpretation, commonly carried out by one person only, remains a common technique to produce lineament maps (e.g., Gabrielsen et al. 2002; Ustaszewski & Pfiffner 2008; Jacques et al. 2012; Viola et al. 2012; Domínguez-González et al. 2015) .
This notwithstanding, since the beginning of manual lineament mapping on aerial photographs, it has been shown that the mapping results can differ largely between different operators, questioning the reproducibility of manual lineament extraction (e.g., Burns et al. 1967; Podwysocki et al. 1975; Burns & Brown 1978; Huntington & Raiche 1978) . Differences between operators are also obvious in a recent mapping study using a synthetic DEM of a drumlin field (Hillier et al. 2014) . Also, in addition to the influence of operator variability and human perception, technical factors such as (1) the relation between the feature size to the spatial resolution, (2) the angle between the feature orientation and illumination direction, and (3) the tonal and textural information in the image have been shown to influence the results of remote sensing analyses (e.g., Smith & Wise 2007) .
Despite previous studies indicating that several factors do indeed influence the reliability of the still widely used eyebased lineament analysis, suggestions on how to standardize interpretation methods are still lacking. In an attempt to develop such a standardization, we present a lineament mapping case study using a LiDAR DEM of a fractured bedrock region in SW Norway. We investigated three factors with potential significance for the interpretation: (1) scale, (2) illumination azimuth and (3) operator. We elaborate here on the influence of each of these factors on several output parameters such as number, orientation and length of lineaments. We present a unique dataset that shows considerable output variability depending on the three chosen factors, which in turn questions the reliability of manually produced one-operator lineament maps. Based on these results, we suggest an operational workflow for the extraction of lineaments from LiDAR datasets, which, if followed, can contribute to significantly improved reliability of the data extracted from manual analysis.
Lineament patterns in the study area
The Rolvsnes granodiorite (Andersen & Jansen 1987; Andersen et al. 1991) , exposed on the Bømlo islands in SW Norway (Fig. 1a) , is a late-Caledonian intrusive body that escaped penetrative ductile strain but was affected by multiple brittle deformation episodes since the time of its emplacement (Ksienzyk 2011) . Recently obtained LiDAR data provide a high-resolution view of the ground, which in turn can be used to extract bedrock lineament patterns. The islands are covered by only sparse vegetation and minimal quaternary deposits so that the LiDAR data Downloaded by [Universitetbiblioteket I Trondheim NTNU] at 21:06 17 November 2015 scale. It was not allowed to change the scale during one mapping exercise. Turning on and off layers showing roads and lakes was allowed. Computer screen and screen resolution settings were identical for all persons.
The six operators extracted lineaments from the same area at three different scales and illuminated from three different directions, totaling 54 datasets. Each person mapped what he or she considered to be bedrock fractures.
Data analysis and visualization
Examples of some of the produced lineament maps are presented in Fig. 2 . Rose diagrams with a linear radial scale for frequency are commonly used to plot data in the polar domain, and are known for their sensitivity to the choice of bin width and starting point (Wells 1999; Davis 2002) . Therefore, we present the data of each mapping experiment by means of equal-area between 201 and 1513 at 1:5.000 scale as a function of the three factors investigated (Fig. 3) . Operator N5 invariably mapped the least number of lineaments, whereas N4 mapped the most. There is a general increase in the number of mapped lineaments toward larger scales (Fig. 3) since the operators obviously detect more lineaments at 1:5.000 compared to 1:10.000 or 1:20.000 ( Fig. 2a-c) . The number of mapped lineaments also varies with the different illuminations within one scale, but no obvious systematics could be recognized.
Orientation of mapped lineaments
Each of the three considered factors exerts considerable influence on the recorded orientation of the mapped lineaments.
(1) Influence of scale: The positions of the normalized orientation frequency maxima obtained by the operators change with the scale (Fig. 4) , but no systematic correlation between scale and orientation maxima could be observed. For the mapping exercises carried out by operator N5 and also for the total dataset ("All data" in Fig. 4 ), the two first orientation maxima overlap at all scales. The heights of the maxima, however, are moving average rose diagrams (Fig. 3) produced by the MARD application of Munro and Blenkinsop (2012) . This software filters the data such that angular datasets are smoothened, significant circular trends are emphasized and background noise is reduced. In addition, the mapping results are synthesized in the form of normalized probability density plots (Fig. 4) and cumulative distribution functions (Fig. 5 ), which facilitate a critical comparison of the different datasets. In Figs. 4 and 5, each curve represents the sum of orientation data from several mapping exercises. In Figs. 4 and 5a-c, each curve sums up the three datasets (illuminated from 045°, 180° and 315°) obtained by one operator at a specific scale and is thus representative for the mapping of each individual operator. In Fig. 5d -f, the mapping results obtained by all operators at a specific scale and illumination are summarized in a data series. Merging datasets minimizes the influence of outliers, and at the same time, improves the critical comparison of the individual data series.
Results

Number of mapped lineaments
The number of mapped lineaments varies between 27 and 248 at the 1:20.000 scale, between 74 and 607 at 1:10.000 and rant of the rose diagram, however, show a striking similarity to the 315° data series. The larger the scale, the more similar the data series become and the less drastic the differences between different illuminations. Data series 180° and 315° can be regarded as similar at the 1.10.000 and 1:5.000 scales (Fig. 5e, f) . (3) Influence of operator: All mapping exercises generally exhibit a large number of c. NW-SE and NE-SW striking lineaments, and a low frequency of c. E-W striking lineaments (Figs. 3-5) . Two additional minor lineament trends strike WNW-ESE and NNW-SSE, respectively. When looking in detail at the mapping results obtained (Figs. 2 and 3) , however, some considerable differences can be recognized. Several rose diagrams have significantly different shapes, even if the number of mapped lineaments is approximately the same (e.g., N1 vs. N4 at 1:20.000 and 045°, N2 vs. N6 at 1:10.000 and 180°, N3 vs. N5 at 1:5.000 and 315°; Fig. 3 ).
The most remarkable discrepancies in the compiled orientation patterns can be recognized between operators N1 and scale-dependent and peaks are generally more subdued at larger scales (Fig. 4) . This indicates that the variability in mapped orientations becomes higher at larger scales, which, in turn, explains why rose diagrams generally have less distinct spatial trends (Fig. 3) and slope changes in the cumulative distribution functions are less pronounced at larger scales (Fig. 5) . Furthermore, the larger the scale, the more similar are the orientation results of the six operators (Fig. 5a-c) and the more similar are also the results obtained from the differently illuminated images (Fig. 5d-f) .
(2) Influence of illumination azimuth: There are significant differences between the mapping exercises performed on DEMs illuminated from 045° and those illuminated from 315°. These differences can be best appreciated at the 1:20.000 scale (Figs. 2d, e and 5d ). Lineaments oriented perpendicular to the illumination direction are detected more easily than lineaments with other orientations. The results from the DEM illuminated from 180° are significantly different from the other two data series and broadly represent an intermediate result. Lineaments plotting within the first and third quad- Another interesting mapping behavior can be seen when considering the apparent correlation between the output parameters orientation and the number of drawn lineaments: the number of drawn lines has an apparent influence on the general shape of the moving average rose diagram, irrespective of the scale, wherein the more abundant the lines, the less accentuated the shape of the rose diagram (Fig. 3) . This indicates that operators who detected a large number of lineaments are likely to trace more features that are misoriented to the major and rather obvious regional trends than operators who pick fewer lines.
N5 at the 1:20.000 scale (Fig. 5a ) and between N5 and N6 at the 1:10.000 scale (Fig. 5b) . At the 1:5.000 scale, the differences become less pronounced, but N5 still shows the most peculiar orientation pattern, with the most pronounced slopes in the cumulative distribution function, indicating a low variability in orientations (Fig. 5c) . This reflects the fact that operator N5 has mapped the lowest numbers of lineaments. The datasets of N1 and N4 show the smallest peaks on the normalized probability density plots (Fig. 4) and therewith exhibit a high variability in lineament orientations at all scales (Figs. 4 and 5) . In some of the exercises, however, the lines have positive slopes, which points to the opposite relation. The slope of these lines is apparently correlated with the calculated standard deviations of line lengths (Fig. 7) . The generally flat lines for N1 and N4 are associated with low standard deviation values, whereas the steep lines for N3 and N5 have the highest standard deviation values.
6. Summary and discussion
Scale variance
The choice of mapping scale has a clear influence on the number, orientation and length of mapped lineaments. The larger the scale, the more lineaments are drawn. The variability in orientation data increases with larger scales, which can be recognized by the less distinct spatial trends of the rose diagrams (Fig. 3) and by the approximately straight cumulative distribution functions (Fig. 5 ) for the 1:5.000 mapping results. At the same time, the differences in median line lengths become less pronounced with larger scales (Fig. 6 ) and standard deviation values of line lengths decrease (Fig. 7) . Features that are interpreted as one lineament at the 1:20.000 scale are interpreted as a collection of multiple smaller lineaments at larger scales (Fig. 2a-c ). This is due to the ability to recognize greater details at larger scales. Therefore, manually produced lineament maps have to be regarded as scalevariant and thus display a non-fractal behavior (Barton 1995; Gloaguen et al. 2007 ). Mapping at multiple scales is therefore
Length of the mapped lineaments
Output parameters length and number of drawn lineaments are interestingly correlated, whereby the higher the number of lineaments, the shorter the line lengths median (Fig. 6) . As in the case of the number and orientation of detected lineaments, the length is dependent on the three factors scale, illumination azimuth and operator.
(1) Influence of scale: The lengths of the drawn lines are strongly dependent on the scale: as to be expected, the larger the scale, the shorter the lines (Figs. 2a-c and 6a) . Similarly, the standard deviations of line lengths decrease with larger scales (Fig. 7) . (2) Influence of illumination azimuth: Mapped line lengths also vary somewhat with the different illumination directions (for example N5 at 1:10.000), but no systematic relationship can be seen (i.e. the longest lineaments are not always drawn at the same illumination, Fig. 6a ). (3) Influence of operator: The line lengths vary considerably depending on the operator. The medians of the line lengths of N1, for example, are consistently the lowest at all scales, whereas N3 and N5 drew the longest lines at all scales, and N4 always drew shorter lines than N6 at all scales (Fig. 6 , cf. Fig. 2g, h ). An interesting aspect concerning line lengths is shown in Fig. 7 landform expression in the image (Smith & Wise 2007) , resulting in preferential enhancing of the NE-SW striking lineaments. This makes it obvious that the ideal choice of number and orientation of azimuth illuminations in lineament mapping is dependent on the real fracture pattern in the study area and should be evaluated from case to case. Preliminary fracture pattern extraction from the original (un-shaded) DEM, or non-directional image enhancement, such as slope, are valid possibilities to evaluate the ideal illumination configurations for each study.
Another factor which potentially influences the results of lineament mapping, but which has not been tested in our experiments, is the choice of the solar inclination angle, which in essence affects the length and deepness of shadows and can enhance relief. High contrast images are obtained by low solar inclination angles and enable detection of smooth landforms, as found in glacial terrains (e.g., Aber et al. 1993; Jansson & Glasser 2005) . However, for shaded relief interpretations of bedrock fracture patterns, where variations in slope occur on small horizontal distances, a 045° inclination angle is commonly suggested (e.g., Masoud & Koike 2006; Jacques et al. 2012 ) and was thus used in our experiments.
Operator variability
Our study shows that there exist considerable differences among the individual operators with respect to the number, orientations and lengths of the digitized lineaments (Figs. 2g-l, 3 , 4, 5 and 6), and that the decision of "which lineament represents a structural feature" is subjective. Personal styles and preferences of the interpreters are evident in the different mapping exercises. Some operators chose to draw a large number of lineaments, resulting in a great variability of orientations (N1, N4), whereas others were more conservative by drawing fewer lineaments with a of great importance because it can help to highlight the potential role of fundamental geological processes that control lineament distribution and characteristics as a function of scale.
Illumination bias
Linear features oriented perpendicular to or at a high angle to a given illumination azimuth are preferentially enhanced. Lineament mapping of a DEM illuminated from only one azimuth direction can therefore lead to a strong bias potentially resulting in the complete overlooking of some significant lineament trends. To eliminate the bias introduced by single azimuth illumination, it has been suggested to use at least two illumination angles, perpendicular and parallel to the dominant fracture trend (e.g., Graham & Grant 1991; Smith & Clark 2005) . This has been done in the present study, and, indeed, the DEMs illuminated from 045° to 315° resulted in different orientation patterns enhancing lineaments perpendicular to the illumination azimuth, most pronounced at the 1:20.000 scale (Figs. 2d, e and 5 ). In addition, we have also used an illumination azimuth of 180°, which gives similar lineament patterns as the ones generated on DEMs illuminated from 315°, especially at the 1:10.000 and 1:5.000 scales (Fig. 5e, f) . Differences between the 315° and 180° illumination azimuths are restricted to the frequency of c. NW-SE (125-180°) striking lineaments, which can be best seen in the 1:20.000 mapping exercise (Fig. 5d) . The reason why the 180° illumination is similar to the 315° and not the 045° illumination might be a truly higher density of c. NE-SW striking lineaments in the study area. It might also reflect, however, a real difference in the characteristics of the two trends in terms of dip azimuth and dip angle of the fracture planes, length and density of lineaments and/or incision depth. These factors exert a true influence on the (b) Our study shows that mapping at smaller scales (e.g., 1:20.000) results in more pronounced orientation trends and thus might represent regional geological trends better than mapping at larger scales (e.g., 1:5.000). However, reproducibility between operators is poorer at smaller scales. It should be noted that operator time expenditure quadruples each time the scale is doubled, so that mapping at 1:5.000 takes roughly eight times longer than mapping at 1:20.000. Thus, care should be taken to find a mapping scale that is appropriate to the goals of the study as defined in (a). The high resolution of LiDAR data allows for very detailed mapping, which is not always warranted by the mapping project.
(c) In order to establish the ideal illumination azimuths, it is recommended to test at least two complementary orientations that are perpendicular or at high-angle to the most obvious lineament sets. Care must be taken so that important trends are not underrepresented due to an unfortunate choice of illumination direction. This evaluation should be done using for example a slope map that is independent of illumination directions.
(d) In a remote sensing project with several persons included, it is important to agree on a given common view on the data, i.e. operators should agree on definitions, mapping scale and tolerance. This can be done by the preliminary mapping of a small test area by each participant followed by the critical analysis of the obtained results so as to highlight obvious issues that may have emerged. Different types of mapping behavior, such as the length of segments and the number of mapped landforms per unit area, should also be discussed. This approach will lead to the harmonization of views and opinions and will increase reproducibility among operators and facilitate the merging of adjacent datasets obtained by different operators.
(e) Operators should always be aware of the human perception bias, and think critically of their own shortcomings when mapping. Readers of papers and maps where only one or very few operators have mapped an area for lineaments, should be aware of the biases discussed in this paper and should question the robustness of the data.
(f) Any remote sensing study has to be regarded as a preliminary exercise and, ideally, should be followed by fieldwork and ground truthing of the obtained results.
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smaller variability of orientations (N3, N5). Features that are interpreted as one lineament by some operators were interpreted as a collection of multiple smaller lineaments by other operators (Fig. 2g-l) . The effect of operator variability on the lineament orientations is the greatest at the small scales, i.e. 1:20.000. The variability of line lengths of the drawn lineaments is low for N1 and N4 and high for N3 and N5 (standard deviation values in Fig. 7) . Some mappers drew lineaments of similar length during the entire mapping exercise (N1, N2 and N4 at the 1:5.000 scale), whereas others drew first long and then shorter lines (N3, N5, N6). However, some results also show the opposite relationship (Fig. 7) . This implies that the lengths of lineaments mapped is not necessarily a result of the number of lineaments, but also a function of the mapper's decision on what feature they interpret as a meaningful lineament and what they discard as not geologically true.
No correlations can be seen with respect to experience or professional background of the operators. N2 and N4 show the highest agreement in orientation patterns (Fig.  5a-c) , but have neither the same professional background nor similar experience in lineament mapping. The lineament maps of the "most experienced" operators N1, N3 and N4 represent extreme mapping results. N1 drew constantly the shortest lines, which at the same time have the highest variability in azimuth values in all mapping exercises. Consequently, the mapping performed by this operator resulted in rose diagrams having the least defined orientation trends (Figs. 3 and 4) . The results obtained by N3 are characterized by very low numbers of lineaments and, as a result, rose diagrams exhibit distinct spatial trends. In contrast, the mapping results of N4 comprise by far the highest number of lineaments. These results show that manually produced lineament maps are strongly influenced by personal mapping style, and that the reproducibility among different operators is poor, which is especially the case for the "most experienced" operators.
Conclusions
Mapping of linear features using a high-quality LiDAR-derived hillshade model is generally perceived as straightforward and can be accomplished regardless of experience and training. However, the present study highlights several pit-falls with this approach. There is a strong dependence of manually produced lineament maps on at least scale, illumination azimuth and operator, the three factors of bias investigated in our study. The number, orientation and length of the mapped lineaments vary considerably from exercise to exercise, and the reproducibility of the output is in general poor. Therefore, caution should be applied when relying on man-made lineament maps produced by a single operator.
In order to minimize the bias and increase reproducibility in future studies, we propose the following guidelines:
(a) In every lineament mapping study, it is important to define clearly from the beginning the mapping goals. The choice of mapping scale depends on the goal of the project and has to be evaluated case by case. Downloaded by [Universitetbiblioteket I Trondheim NTNU] at 21:06 17 November 2015
